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Abstract: In this paper, we propose a novel feature mapping technique called multilayer hierarchical fusion fuzzy fea-
ture mapping for the unsupervised learning of complex nonlinear data and combine it with the classical fuzzy C-means
clustering. Based on the regular antecedent learning of the Takagi-Sugeno-Kang (TSK) fuzzy system, we first propose a
novel fuzzy feature mapping method. Then, to address big data dimensions by fuzzy feature mapping, we propose a
fuzzy feature mapping mechanism based on multilayer hierarchical fusion. This mechanism combines fuzzy feature
mapping with principal component analysis (PCA), thereby avoiding the data confusion and redundancy caused by the
high dimensionality of single-layer fuzzy feature mapping. Finally, we develop a novel FCM clustering algorithm based
on multilayered hierarchical fusion feature mapping. The experimental results show that, in comparison with classical
fuzzy clustering methods, the performance of the proposed algorithm is superior and more stable.

Keywords: Takagi-Sugeno-Kang (TSK) fuzzy system; principal component analysis (PCA); unsupervised learning;
fuzzy C-means clustering
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Table 2 The description of the algorithm and related parameters
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Table 3 Parameter values of each algorithm
pAGI TS FCM PCA-FCM ELM-FCM KFCM-K KFCM-F MLHFFFM-FCM
d=1 n,=2 m=2. m=3.4 m=1.2
AL m=2.8 m:196 r:FI(.)é? azo.g 0':?4 h=100
d=17
. ) = ) ~1. m=14
Diabetes m=2:4 md=1.2 y;’;:g(.)f 2:0.4 21-:1.2 h=1
d=7
d=5 =1 000 m=1.2 m=1.6 m=1.8
Zoo meld 14 =18 o=1.4 o=0.8 h=100
d=9
. d=2 ;=100 m=1.2 m=12 m=1.2
Australian m=20 0 R o—14 h=100
d=9
=1 1,=100 m=1.2 m=4.6 m=1.4
Breast m=36 i m—1.2 o=18 =04 h=10
a=1
d=3 n,=100 m=4.6 m=1.2 m=2.6
Heart m=32 a0 m=2.2 =2.0 =0.6 h=10
a=2
m=2.6
Chronic_Kidney Disease m=3.6 =1 n,—800 m=1.2 m=4.0 h=10
m=4.0 m=1.2 o=1.1 o=1.1
d=11
x4 BEFINETER
Table 4 Results of each algorithm
HARLE PEfEfER  FCM  PCA-FCM  ELM-FCM  KFCM-K KFCM-F  MLHFFFM-FCM
Rl mean 0.7725  0.950 1 0.860 5 0.8664  0.8386 0.979 0
Ar, Rl std 00505  0.0025 0.005 0 0.0067  0.0198 0.001 1
NMI mean 0.5656  0.789 3 0.459 7 03337  0.6271 0.9353
NMI std  0.0358  0.007 5 0.0152 0.0295  0.009 6 0.006 6
Rl mean 05591  0.5507 0.543 0 05723  0.5576 0.593 5
Diabetes RIL std  0.004 8 0 0.001 2 0.002 0 0 0.013 0
NMI_mean 0.0733  0.029 7 0.0118 0.1187  0.0658 0.094 6
NMI std  0.008 3 0 0.004 4 0.003 0 0 0.020 1
Rl mean 0.8825  0.8930 0.826 4 0.9044  0.903 4 09187
Zoo Rl std  0.0290  0.0201 0.002 7 0.0271  0.0832 0.029 3
NMI mean 0.7474  0.7676 0.566 3 0.8338  0.7884 0.796 2
NMIL std  0.0350  0.028 8 0.005 8 00211  0.1110 0.024 5
Rl mean 0.7285  0.507 | 0.5050 07436  0.733 6 0.753 9
Australian RI std 0.080 2 0 0 0 0 0
NMI mean 0.3880  0.0344 0.009 9 04159  0.3992 0.4310
NMI std  0.136 1 0 0 0 0 0
Rl mean 0.5598  0.600 4 0.498 2 05329  0.5689 0.629 7
Breast Rl std  0.0524 0 0.000 3 0.0473  0.0662 0.003 3
NMI_mean 0.0654  0.089 7 0.003 0 0.0322  0.0577 0.107 3
NMI std  0.0510 0 0 0.0422  0.0567 0.007 8
Rl mean 05229  0.5229 0.504 8 0.6674  0.6833 0.737 3
Heart RI std 0 0 0.003 0 0.002 4 0 0.0117
NMI mean 0.0328  0.0328 0.038 8 02609  0.280 6 0.3870
NMI std 0 0 0.058 8 0.003 5 0 0.021 4
Rl mean 0.7834 0.7894 0.500 9 0.8695  0.8652 0.882'5
Chronic_Kidney Disease RI std 0.006 0 0.003 6 0 0 0 0
NMI mean 0.5178  0.5187 0.083 0 0.6364  0.6386 0.705 3
NMI std  0.0086  0.0053 0 0 0 0
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Table 5 Parameter selection of two algorithms
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* 6 MAME LML RI_mean E8EIEHR
Table 6 Performance index of two algorithms
RS ERT i) Ar, Diabetes Zoo Australian Breast Heart Chronic_Kidney_Disease
Bz 0.8590 0.568 0 0.894 5 0.753 9 0.597 1 0.704 1 0.8762
ZIZBHEE 09790 0.593 5 0.9187 0.753 9 0.629 7 0.7373 0.882 5
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